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Abstract: The accuracy of vegetation indices (VIs) in estimating forest stand age is significantly
inadequate due to insufficient consideration of the differences in the physiological functions of forest
ecosystems, which limits the accuracy of carbon sink simulation. In this study, remote sensing
inversion and mapping of forest stand age were carried out on the Loess Plateau under consideration
of the remote sensing mechanism of VIs and the physiological function and canopy structure of the
forest using multiple linear regression (MLR) and random forest (RF) models. The main conclusions
are as follows: (1) The canopy reflectance of different forest stands has a significant change pattern,
and the older the forest stands, the lower the NIR reflectance. The relationship between forest stands
and red edge is the most significant, and r is 0.53, and the relationship between Simple Ratio Index
(SR), near-infrared reflectance of vegetation (NIRv), normalized difference vegetation index (NDVI),
Global Vegetation Index and forest stands is more nonlinear than linear. (2) Principal component
analysis (PCA) of canopy spectral information shows that SR, NDVI and red edge (B5) could explain
98% of all spectral information. SR, NDVI and red edge (B5) were used to construct a multiple linear
regression model and random forest (RF) algorithm model, and RF has high estimation accuracy
(R2 = 0.63). (3) The accuracy of the model was evaluated using reference data, and it was found
that the accuracy of the RF model (R2 = 0.63) was higher than that of the linear regression model
(R2 = 0.61), but both models underestimated the forest stand age when the forest stand age was
greater than 50a, which may be caused by the saturation of the reflectance of the old forest canopy.
The RF model was used to generate the dataset of forest stand information in the Loess Plateau, and
it was found that the forest is dominated by young forests (<20a), accounting for 38.26% of the forest
area, and the average age of forests in the Loess Plateau is 56.1a. This study not only improves the
method of forest stand age estimation, but also provides data support for vegetation construction in
the Loess Plateau.

Keywords: forest stand; remote sensing; Loess Plateau; vegetation index (VI)

1. Introduction

The carbon source/sink conversion relationship is significantly affected by forest stand
age. Young forest has higher carbon sequestration potential, while old forest has much
lower carbon sequestration potential than young forest [1,2]. Currently, there are two
main methods for mapping forest stand age, remote sensing monitoring and forest plot
inventory. Forest plot inventory is time-consuming and laborious, and it is impossible to
realize large-scale forest stand age mapping using the forest plot inventory method [3].
Remote sensing monitoring has better timeliness and heterogeneity and can be used for
large-scale mapping of forest stand age [4]. Therefore, remote sensing mapping of forest
stand age is necessary for carbon sink simulation in forest construction.
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Methods for retrieving forest stand age by remote sensing include the vegetation index
(VI) method [5], stand growth equations (SGEs) [6] and the vegetation change tracker (VCT)
algorithm [7]. As an important remote sensing characteristic parameter of plants, the VI
method can be used to establish a remote sensing forest stand age simulation model based on
the relationship between differences in forest reflectance and forest stand age. The dynamic
changes in leaf chlorophyll content (LCC) and photosynthetic characteristics during the
phenological periods of plants will have an important impact on canopy spectral response
patterns, in which the leaves of mature forest canopy tend to show higher near-infrared and
red reflectance contrast characteristics [8]. However, the red band, the near-infrared band
and their component vegetation index are the key parameters of most remote sensing models
for estimating forest stand age. In terms of the inversion model, an artificial neural network
(ANN) and multiple linear regression model (MLR) are selected [5,8]. Jensen et al. [9] used
single-band (red, NIR and SWIR) TM data and VIs (NDVI and RVI) to construct a forest stand
age inversion model using an MLR and ANN model, and the results confirmed that NIR
had a strong correlation with the forest stand age (r = 0.89), but a nonlinear model can better
explain the relationship between forest stand age and model parameters. Chen et al. [10] used
time-series images of NDVI to estimate the age of rubber, and the average error of age was
1.53a. Chen et al. [11] established a remote sensing inversion model of forest stand age using
red, NIR and SWIR, and their model showed that the relationship between the forest stand
age and spectral information of a rubber stand was different at different stages; the correlation
between the near-infrared band and the forest stand in October (R2 =−0.40) was much higher
than that in June (R2 = 0.13). Forest structural parameters and photosynthetic parameters are
the main information for retrieving forest stand age, so they must be taken into account in the
selection of characteristic bands.

SGE methods are widely used to describe the relationship between forest stand vari-
ables and forest stand age [12]. Forest height is one of the widely used variables in the stand
growth equations because forest height is closely related to forest stand age, especially
for forest average age [13]. Many SGEs are developed by combining forest height data.
Examples include the Mitscherlich equation, Gompertz equation, logistic equation, Korf
equation and Richards equation [14]. Maltman et al. [15] used SGEs coupled with maps of
forest structure and site index to map forest stand age. In addition to stand parameters,
topographic variables (such as elevation, slope and aspect) and climatic variables (such
as temperature and precipitation) also affect forest growth, and taking these effects into
account can greatly improve the accuracy of forest stand age mapping. However, it is very
difficult to obtain these parameters, resulting in insufficient accuracy of the SGE model.

With the development of the Landsat satellite, a large number of forest disturbance and
restoration studies have been carried out using time-series Landsat data, and the results have
been used to estimate forest structure parameters [16–18]. Fang et al. realized the spatial
distribution mapping of forest stand age using Landsat data and the VCT algorithm [17]. Diao
et al. [18] also used the random forest algorithm for recursive feature elimination (RFE-RF) to
estimate the forest stand age in non-disturbed areas using the spectral and texture features
of Landsat images. Fujiki et al. [19] extracted the forest stand age from a change detection
analysis of time-series Landsat images and then established a regression model between the
forest stand age and the spectrum and texture factor of WorldView-2 to estimate the age of
rubber trees. Although much progress has been made in forest stand age mapping based on
remote sensing methods, there are many differences in the advantages of different algorithms.
Due to the limitation of time series of remote sensing observation data, the VCT algorithm can
only invert the forest stand age for the previous 30 years, but it cannot invert forest stand age
information from more than 30 years ago. The accuracy of the stand growth model is high,
but because of the “small old trees” caused by drought in the Loess Plateau, the forest height
cannot clearly reflect the forest stand age [1]. VIs are widely used in remote sensing inversion
of forest stand age, but single VIs are mainly applied, and the indication of the physiological
functions of the forest and the physical basis for selecting a vegetation index are neglected. As
a result, the accuracy of inversion needs to be improved.
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Therefore, for this study, remote sensing inversion and mapping of forest stand age
in the Loess Plateau were carried out under the consideration of forest physiological
function, forest structural characteristics and the physical process of remote sensing of
VIs. The main objectives of this study were as follows: (1) to quantitatively describe the
relationship between spectral information and forest stand age; (2) to establish a remote
sensing inversion model of forest stand age with strong spatiotemporal suitability; (3) to
verify accuracy and evaluate the error of remote sensing data of forest stand age in the
Loess Plateau. This study could provide a guarantee for the ecological construction of the
Loess Plateau.

2. Materials and Methods
2.1. Study Area

The Loess Plateau spans 640,000 km2 and is situated in the upper and middle reaches
of the Yellow River (100◦54′~114◦33′E and 33◦43′~41◦16′N) (Figure 1). It has a typical
temperate continental monsoon climate, which means it is both hot and rainy at the same
time. There are significant zonal peculiarities in the vegetation distribution in the Loess
Plateau. The Loess Plateau has the biggest loess dispersion in the world, with certain
regions having loess thicknesses of over 200 m. The Loess Plateau has an inland arid and
semi-arid climate, and the precipitation has obvious seasonal characteristics: the annual
average precipitation is 100–800 mm, concentrated in June to September. The annual
average temperature is 7 ◦C, showing a decreasing trend from southeast to northwest. The
Chinese government has implemented a number of ecological restoration initiatives to
address the region’s substantial soil erosion issues as a result of serious past ecological
difficulties. Particularly, the “Gain for Green” project, which has been in place since 1999,
has resulted in a notable increase in vegetation cover and efficient soil erosion control.
However, in this context, the carrying capacity of the region’s water resources has reached
its limit [1]. Currently, the vegetation types of the Loess Plateau are mainly artificial
forest and grassland, and the forest types mainly include evergreen needle-leaf forests
(ENFs), mixed forests (MFs), deciduous broadleaf forests (DBFs) and evergreen broadleaf
forests (EBFs).
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Figure 1. Forest types and spatial distribution in the Loess Plateau (evergreen needle-leaf forest
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2.2. Data Source
2.2.1. Forest Stand Age and Forest Cover Data

Forest inventory data were used for comparing and validating forest stand age model-
ing and mapping. Forest inventory data come from China’s 9th National Forest Inventory
(NFI) containing attributes of dominant tree species, average forest stand age, the propor-
tion of dominant tree species, average forest height, forest density (number of plants per
hectare), average diameter at breast height (DBH) and site index for each forest quadrat
during 2014–2018, but they were updated to 2019 and rasterized into 30 m resolution maps
using the nearest neighbor resampling method. The dominant tree species were determined
by tree volume and tree density, and those with similar attributes were merged into one
forest polygon. The average forest stand age and tree height of the dominant tree species
within a forest polygon were taken as the final forest stand age and tree height [19,20], and
the forest age data of 603 quadrats were collected in this study. A Circa 2010 Thirty Meter
Resolution Forest Map for China (http://data.starcloud.pcl.ac.cn/zh) was selected. These
data were produced based on the combination of forest census and Landsat data with a
resolution of 30 m [21].

2.2.2. Optical Remote Sensing Data

Sentinel-2 data were downloaded from the ESA (https://scihub.copernicus.eu/dhus/
#/home (accessed on 10 October 2023))). Forest canopy reflectance has significant seasonal
variation patterns [22]. Due to the complexity and diversity of forest ecosystems, different
forest canopy structures, plant functional traits (such as leaf structure and pigment content),
water stress and forest health status all affect their spectral features, and maximum canopy
reflectance is a proxy for canopy photosynthetic capacity [23,24]. Therefore, the maximum
reflectance of the forest phenological period was selected as the data for remote sensing
inversion. The forest leaf germination period is from late March to late April of each year,
and the leaf extension period is from early May to early August of each year. The forest
defoliation period is from mid-September to late October in the Loess Plateau. Sentinel-2
L2A product data were selected using Google Earth Engine (GEE) to complete the synthesis
of maximum reflectance in the growing season, and the spatial resolution was resampled
to 30 m, which is consistent with the spatial scale of field observation data. In this study,
Google Earth Engine (GEE) was used to implement Sentinel-2 data preprocessing. The
Savitzky–Golay (S-G) filtering algorithm was selected to achieve spectrum smoothing and
de-noising in the growing season. We used forest cover data to inundate Sentinel data to
obtain forest canopy reflectance.

2.3. Methods

In this study, forest inventory data, remote sensing data and a machine learning
model were used to implement remote sensing retrieval of forest stand age information
in the Loess Plateau. The main technical route is shown in Figure 2. For this study, the
relationship between spectral information and forest stand age was quantitatively described,
and a remote sensing inversion model of forest stand age with strong spatiotemporal
suitability, supported by a machine learning algorithm, was established; this was followed
by accuracy verification and error evaluation of remote sensing data of forest stand age in
the Loess Plateau.

http://data.starcloud.pcl.ac.cn/zh
https://scihub.copernicus.eu/dhus/#/home
https://scihub.copernicus.eu/dhus/#/home
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Figure 2. Flow chart in this study (quantitatively describe the relationship between spectral informa-
tion and forest stand age and establish a remote sensing inversion model of forest stand age with
strong spatiotemporal suitability; then, verify accuracy and evaluate the error of remote sensing data
of forest stand age).

2.3.1. Selection of Vegetation Indices

For this study, normalized difference vegetation index (NDVI), Simple Ratio Index
(SR), near-infrared reflectance of vegetation (NIRv) and greenness vegetation index (GVI)
were selected for the retrieval of forest stand age in the Loess Plateau. Spectral changes in
forest canopy at different forest stand ages can be better applied to the exploration of the
relationship between vegetation indices and forest stand age. Table 1 shows the calculation
formulas of each vegetation index.

Table 1. Vegetation indices selected in this study.

Vegetation Index Equation References

Normalized difference vegetation index (NDVI) NDVI = NIR−R
NIR+R [25,26]

Near-infrared reflectance of vegetation (NIRv) NIRv = NDVI × NIR [29,30]
Simple Ratio Index (SR) SR = NIR

R [27,28]

Greenness vegetation index (GVI) GVI = −0.2941× B− 0.234× G− 0.5424× R + 0.7276×
NIR + 0.0713× SWIR1 − 0.1608× SWIR2

[31,32]

Notes: NIR is the near-infrared band, R is the red band, B is the blue band, G is the green band, B is the blue band
and SWIR is the short-wave infrared band.

NDVI is used to detect the forest vegetation growth state and forest coverage, eliminate
some radiation errors and reflect the influence of canopy background (such as soil, snow,
dead leaves and roughness) and vegetation cover [25,26]. SR is the ratio of light scattered
in the near-infrared to light absorbed in the red band, which reduces the influence of
atmosphere and topography. For the vegetation with a larger leaf area index (LAI) or
higher canopy, the value is higher. For soil, water and non-vegetation elements, the value is
lower [27,28]. NIRv is a canopy vegetation reflectance index calculated using NDVI and can
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effectively reduce the influence of soil background reflectance. NIRv has become an effective
tool for studying plant photosynthesis in recent years. Studying the relationship between
NIRv and gross primary productivity (GPP) on multiple time scales is of great significance
for exploring GPP at global and regional scales [29,30]. GVI is the weighted sum of the
radiation brightness values of each band, and the radiation brightness is the comprehensive
result of atmospheric radiation, solar radiation and environmental radiation, so it is greatly
affected by external conditions (such as atmosphere and soil) [31,32].

2.3.2. Exploration of Response of Canopy Spectra to Forest Stand Age

Spectral response characteristics refer to the different properties of a substance under
different wavelengths of light. The absorption of light at different wavelengths is different
in plant leaves, so there are absorption peaks in the spectrum [33,34]. These peaks can
be used to study the photosynthesis and growth of plants. Canopy spectra observed by
satellite are significantly affected by leaf spectra and canopy structure. Obviously, there are
differences in spectral characteristics of forest stands of different ages due to differences
in canopy structure and leaf photosynthesis. This is the basis for studying the response
of spectral characteristics to forest stand age. The response of spectral characteristics to
forest stand age can be quantitatively evaluated by the Pearson correlation coefficient. In
this study, the Pearson correlation coefficient was used to analyze the relationship between
stand age and vegetation spectral parameters, and its significance was detected using a
p-value [35].

2.3.3. Inversion Model of Forest Stand Age

Accurate input parameters are the key to accurate inversion of a remote sensing
model of forest age. Principal component analysis (PCA) was selected as the data for
the characteristic parameters of the model; this method removes noise and unimportant
features from high-dimensional spectral data and realizes the selection of model input
parameters [36].

Two types of methods were chosen to map forest stand age, namely the random Forest
(RF) algorithm and the multiple linear regression (MLR) model. The RF algorithm is a bag-
ging algorithm, and a bagging algorithm is a kind of ensemble learning method. Ensemble
learning is the process of training multiple weak models to form a strong model [37]. The
performance of the strong model is much better than that of a single weak model. In the
training phase, the random forest uses bootstrap sampling to collect multiple different
sub-training datasets from the input training dataset to train multiple different decision
trees in turn. In the prediction phase, the random forest averages the prediction results
of multiple internal decision trees to obtain the final results [38]. The algorithm mainly
considers the two processes of the training stage and the prediction stage to realize the
forest stand age inversion based on remote sensing data. In the training stage, bootstrap
sampling is used to collect several different sub-training datasets from the input training
dataset to train several different decision trees in turn. In the prediction stage, the forest
stand age inversion model is obtained by averaging the prediction results of multiple
decision trees. MLR refers to a linear regression model containing multiple explanatory
variables, which is used to explain the linear relationship between the explained variable
and explanatory variables [39].

Using the position information of forest stand age observation sample points, we
extracted the corresponding sentinel data canopy reflectance, a total of 603 pairs of spectral
and corresponding age data, and divided the data into a training set (accounting for 70% of
the total dataset) and verification set (accounting for 30% of the total dataset).

2.3.4. Forest Stand Age Mapping and Accuracy Assessment

Two indicators, namely the coefficient of determination (R2) and root-mean-square
error (RMSE) [40], were used to compare and evaluate the accuracy of forest stand age map-
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ping and modeling using different stand growth models and machine learning methods.

RMSE =

√
1
n ∑n

i=1

((
yi − y′i

)2
)

(1)

R2 = 1− ∑n
i=1
(
yi − y′i

)2

∑n
i=1(yi − y)2 (2)

where n represents the number of samples, i represents the i-th sample point, yi represents
the reference forest stand age, y′i represents the mapped forest stand age and y represents
the mean value of the reference forest stand age.

3. Results
3.1. Characteristics of Spectral Changes in Different Forest Stand Ages
3.1.1. Seasonal Variation Patterns of Canopy Spectra

Figure 3 shows the seasonal variation patterns of vegetation red edge (B5, B6, B7 and
B8A), NIR (B8) and short-wave infrared (B11) bands in Sentinel-2 data, and it is found that all
bands except for the thermal infrared band (B11) have significant seasonal changes. The S-G
filtering algorithm is a polynomial smoothing algorithm based on the least square principle
in the time domain; it can eliminate spectral noise to the greatest extent and ensure the real
information of the spectrum is obtained. The results show that the S-G algorithm could
smooth the spectral data and effectively extract the development process of the forest plant
canopy, especially in the red edge (B5, B6, B7 and B8A), NIR (B8) and SWIR (B11) bands of
vegetation. However, the seasonal variation in the canopy B11 is weak because the canopy
thermal infrared data are mainly affected by other factors such as weather.
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Figure 3. Seasonal variation patterns of canopy spectra (the blue dots represent the reflectance of
Sentinel data during the year, and the red lines are fitted curves). ((a) represents the seasonal pattern
of Red edge(B5), ((b) represents the seasonal pattern of Red edge(B6), (c) represents the seasonal
pattern of Red edge(B7), (d) represents the seasonal pattern of NIR(B8), (e) represents the seasonal
pattern of Red edge(B8A), (f) represents the seasonal pattern of NIR(B11)).
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3.1.2. Spectral Change Patterns of Different Forest Stand Ages

For this study, the spectral change patterns of different forest stand ages were analyzed,
as shown in Figure 4. Figure 4a shows the typical spectral information of different forest
stand ages, and the color of the canopy spectral curve represents the forest stand age. The
forest canopy spectral curve of 1–60a was mainly selected for analysis. Figure 4b shows
the trend of the change in the near-infrared (B8) reflectance value with forest stand age.
The results show that with the increase in forest stand age, the near-infrared reflectance
of vegetation canopy shows a significant decline trend. Figure 4c shows the trend of the
change in the red edge (B5) reflectance value with forest stand age. The results show that
the red edge reflectance of the vegetation canopy presents a “U-shaped” change trend with
the increase in forest stand age. Figure 4d shows the trend of the variation in the red edge
(B8A) reflectance value with forest stand age. It is found that with the increase in forest
stand age, the red edge reflectance of the vegetation canopy shows a significant decreasing
trend. Therefore, these results indicate that forest canopy spectra of different ages have
significant change patterns, and they further confirm that canopy spectra can reflect forest
stand age.
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Figure 4. Spectral reflectance characteristics of forest canopy at different ages ((a) spectral character-
istics at different forest stand ages, (b) variation pattern of NIR with forest stand age, (c) variation
pattern of red edge (B5) with forest stand age, (d) variation pattern of red edge (B8A) with forest
stand age).

3.2. Relationship between Forest Stand Age and Canopy Spectral Characteristics
3.2.1. Relationship between Canopy Reflectance and Forest Stand Age

Clarifying the decoupling relationship between forest canopy spectral information and
forest stand age, especially the linear or nonlinear relationship between forest stand age
and canopy spectral parameters, is the basis of remote sensing inversion of stand age. In
this study, the Pearson correlation coefficient was used to analyze the relationship between
the reflectance of the B11 bands of remote sensing data and forest stand age, as shown in
Table 2. The results show that there is a significant correlation between forest stand age
and canopy spectral reflectance.
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Table 2. Pearson’s correlation coefficient for the relationship between maximum canopy reflectance
and forest stand age in the growing season.

Reflectance B1 B2 B3 B4 B5 B6 B7 B8 B8A B11 B12

r 0.19 * 0.37 ** 0.35 ** 0.38 ** 0.24 ** 0.24 ** 0.39 ** 0.53 ** 0.53 ** 0.19 * 0.21 **

** the significance level of 0.01; * the significance level of 0.05.

Forest stand age and canopy near-infrared (B8) spectral reflectance and red edge (B8A)
reflectance were the most significant, with r values of 0.53 and 0.39, respectively. This
shows that forest stand age significantly affects the spectral reflectance of the canopy. The
reflectance of the canopy is a comprehensive reflection of the canopy structure and the
photosynthetic capacity of forest leaves. These results indicate that the variation in canopy
structure and photosynthetic capacity with forest stand age can be captured by remote
sensing data.

3.2.2. Relationship between Vegetation Indices and Forest Stand Age

To eliminate the effects of forest background reflectance and topographic effects,
vegetation indices were introduced to study the canopy spectrum and forest stand age. A
vegetation index can eliminate the effects of forest background reflectance and topographic
effects on the spectrum by means of band combination methods. The linear (black fitting
line) and nonlinear (red fitting line) relationships between SR, NIRv, NDVI, GVI and forest
stand age were analyzed, and the results are shown in Figure 5. For the relationship
between SR and forest stand age, the R2 of the nonlinear relationship is 0.55, and the R2 of
the linear relationship is 0.49. The nonlinear relationship is significantly higher than the
linear relationship, indicating that when the forest stand age reaches the age threshold, the
change in structural parameters slows down, and the nonlinear fitting curve approaches
saturation. For the relationship between NIRv and forest stand age, the R2 of the nonlinear
relationship is 0.45, and the R2 of the linear relationship is 0.42; in this case, the nonlinear
relationship is also significantly higher than the linear relationship. Similarly, when the
forest stand age reaches the age threshold, the change in photosynthetic parameters slows
down, and the non-fitting line slowly approaches saturation. For the relationship between
NDVI and forest stand age, the R2 of the nonlinear relationship is 0.57, and the R2 of the
linear relationship is 0.53; the nonlinear relationship is significantly higher than the linear
relationship. When the forest stand age is 45 years, NDVI shows a peak and a sharp decline
trend. For the relationship between GVI and forest stand age, the R2 of the nonlinear
relationship is 0.37, and the R2 of the linear relationship is 0.33; the nonlinear relationship
is significantly higher than the linear relationship, and GVI has a saturation trend, but it is
not sensitive enough.
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relationship between vegetation index and forest age, and the red line is the nonlinear relationship
between vegetation index and forest age). ((a) is a scatter plot of the relationship between SR and
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3.3. Establish of Forest Stand Age Inversion Model in Loess Plateau
3.3.1. Spectral Feature Extraction Using PCA

There is a significant correlation between the spectral data, as shown in Figure 6. In
the application of quantitative remote sensing, the representative worth band or vegetation
index without duplicate information is generally selected to achieve linear or nonlinear
dimensionality reduction of spectral information. In this study, the principal component
analysis method (PCA) was used to reduce the dimensionality of spectral information.
Figure 6 shows the covariance matrix (M) of the principal components. The grid value is
the covariance between each vector element, which is a natural generalization process from
a scalar random variable to a high-dimensional random vector.
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Figure 7 shows the cumulative contribution rate of the principal components of canopy
spectral information. When the first three principal components are selected, namely PC1
(SR), PC2 (NDVI) and PC3 (B5), 98% of canopy spectral information can be interpreted. In
particular, the structure vegetation index SR can explain 61% of the spectral information, so
for forests, the structural parameters of forests are the main difference from other features.
PC2 (NDVI), which quantifies forest photosynthesis and forest greenness by the difference
between near-infrared (strong leaf reflection) and red light (leaf absorption), provides 30%
of the spectral information. PC3 (B5) is able to interpret 9% of the spectral information.
Therefore, the three principal components were used in the estimation of forest stand age
in the Loess Plateau.
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3.3.2. Establishment of Forest Stand Age Inversion Model Using MLR Model

In this study, a multiple nonlinear regression model was selected to establish a remote
sensing inversion model of forest stand age in the Loess Plateau. About 70% of the data
(400 pairs of data) were selected as regression samples, and the remaining samples were
used for dataset validation. The model structure of Age = a × SR + b × NDVI + c × B5 + d
(a, b, c and d were unknown parameters) was constructed using MATLAB 2023a, and the
optimal solution of its parameters was obtained by using the partial least square method.
The results are shown in Table 3. This model has high accuracy, and its R2 is 0.69.

Table 3. Multiple linear regression model and parameters.

Input Parameters Model R2 p

SR, NDVI, B5 Age = 12.03 × SR + 13.25 × NDVI + 26.19 × B5 + 2 0.69 p < 0.001

3.3.3. Establishment of Forest Stand Age Inversion Model Using RF Model

The regression random forest model mainly considered the two processes of the
training stage and the prediction stage to realize the forest stand age inversion based on
remote sensing data. In MATLAB 2023a, 603 pairs of data were randomly divided into two
datasets; about 70% (400 pairs of data) were used as regression samples, and the remaining
samples were used for dataset validation. The model was trained 30 times, and the model
with the largest R2 was selected; the maximum R2 was 0.63.
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3.4. Comparison of Accuracy of Remote Sensing Inversion Models for Forest Stand Age

In this study, 30% (203 pairs of data) of data were selected as reference data to verify
the dataset of forest stand age retrieved by remote sensing methods. The relationship
between reference forest stand age data and remote sensing simulated forest stand age is
shown in Figure 8. Figure 8a shows that the relationship between reference data and forest
stand age simulated by the MLR model is very significant; the R2 is 0.61, the slope of the
fitting line is 1.12 and the root-mean-square error (RMSE) is 10.98. We found that the model
underestimated the forest stand age when the forest stand age was greater than 50. The
main reason is that the vegetation index has different saturation effects with the increase
in age, but the linear regression model cannot better eliminate the saturation effect of the
VI when estimating forest stand age. Also, Figure 8b shows that the relationship between
the reference age and forest stand age simulated by the RF model is very significant; the
R2 is 0.63, the slope of the fitting line is 1.09 and the RMSE is 10.77. Although the model
also underestimated the forest stand age when the forest stand age was greater than 50,
compared with the MLR model, the error of the RF model was weakened, and the slope
decreased from 1.12 to 1.09. In short, although the machine learning model is a “black
box” model, it solves fitting problems such as data collinearity and improves the regression
accuracy of the model.

Remote Sens. 2023, 15, x FOR PEER REVIEW 13 of 17 
 

 

increase in age, but the linear regression model cannot better eliminate the saturation 
effect of the VI when estimating forest stand age. Also, Figure 8b shows that the 
relationship between the reference age and forest stand age simulated by the RF model is 
very significant; the R2 is 0.63, the slope of the fitting line is 1.09 and the RMSE is 10.77. 
Although the model also underestimated the forest stand age when the forest stand age 
was greater than 50, compared with the MLR model, the error of the RF model was 
weakened, and the slope decreased from 1.12 to 1.09. In short, although the machine 
learning model is a “black box” model, it solves fitting problems such as data collinearity 
and improves the regression accuracy of the model. 

 
Figure 8. Accuracy evaluation of forest stand age dataset from the Loess Plateau ((a) multiple linear 
regression algorithm; (b) random forest algorithm) (the gray dashed line is the 1:1 line, and the red 
line is the fitting line). 

3.5. Spatial Distribution of Forest Stand Age in Loess Plateau 
Figure 9 shows the spatial distribution map of forest stand age in the Loess Plateau 

produced using the RF model. The results showed that the age distribution of <20 years 
old and 20–40 years old accounted for 38.26% and 12.22%, respectively. Forests older than 
100 years reached 24.01%, mainly distributed in the east and south of the Loess Plateau. 
The forests in the Loess Plateau are mainly young forests. Due to severe soil erosion 
problems in the region, the Chinese government initiated reforestation campaigns in the 
1970s and implemented the largest historical afforestation project called “Gain for Green” 
in 1999 [1], which explains why the stand age distribution map has a higher proportion of 
young forests and verifies the validity of our results. 

Figure 8. Accuracy evaluation of forest stand age dataset from the Loess Plateau ((a) multiple linear
regression algorithm; (b) random forest algorithm) (the gray dashed line is the 1:1 line, and the red
line is the fitting line).

3.5. Spatial Distribution of Forest Stand Age in Loess Plateau

Figure 9 shows the spatial distribution map of forest stand age in the Loess Plateau
produced using the RF model. The results showed that the age distribution of <20 years
old and 20–40 years old accounted for 38.26% and 12.22%, respectively. Forests older than
100 years reached 24.01%, mainly distributed in the east and south of the Loess Plateau. The
forests in the Loess Plateau are mainly young forests. Due to severe soil erosion problems
in the region, the Chinese government initiated reforestation campaigns in the 1970s and
implemented the largest historical afforestation project called “Gain for Green” in 1999 [1],
which explains why the stand age distribution map has a higher proportion of young
forests and verifies the validity of our results.
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4. Discussion
4.1. Accuracy Evaluation and Uncertainty Analysis of Inversion Models

We verified the model with reference data, and the accuracy of the model is high.
However, we found that with the increase in forest stand age, different vegetation indices
showed a saturation effect. This study established a remote sensing inversion model of
forest stand age in the Loess Plateau and realized the mapping of forest stand age used in
the remote sensing process considering the physiological function and canopy structure
of the forest ecosystem. The accuracy of the model is reliable, but there are some defects.
Although clouds and shadows are removed from the input data of the inversion model,
there are some differences in the seasons, and the error transmission of the data will
aggravate the uncertainty of the remote sensing dataset of forest stand age information in
the Loess Plateau.

Cloud cover in optical remote sensing images will obscure the ground information
to different degrees, which causes the blurring and missing of the surface observation
information and greatly affects the imaging quality of remote sensing images, significantly
reducing the accuracy of a quantitative remote sensing model [41]. To avoid the impact
of cloud coverage on the accuracy of the model, Sentinel-2’s new cloud removal method
(S2cloudless algorithm) was used. The S2cloudless algorithm is a machine learning algo-
rithm through which cloud mask files can be calculated for Sentinel-2 images [42]. Tarasov
compared the cloud removal accuracy of the traditional Fmask and Sen2Cor algorithms
and the machine-learning-based S2cloudless algorithm and found that S2cloudless showed
the best result (average accuracy 83%), and the lowest accuracy was obtained with Fmask
(70%). The seasonal variability in cloud masking accuracy did not exceed 6% [43]. There-
fore, we reduced the impact of cloud inversion on the accuracy of the model and used the
S2cloudless algorithm to improve the accuracy of the model.

4.2. Spatial Inconsistency between the Observed Sample and Remote Sensing Data Significantly
Affects the Accuracy of the Model

The scale inconsistencies of the observed plots also significantly affect the accuracy of
the model; observational data are mainly from China’s Ninth National Forest Inventory
(NFI), which includes various forest quadrats from 2014 to 2018, but these data have been
updated to 2019 by rasterization into a 30 m resolution map using the nearest neighbor
resampling method [19,20]. Although the average age and height of the dominant tree
species within a forest polygon were used as the final age and height of the forest, the scale
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of the observed quadrangle would cause errors. At the same time, the spatial matching
between satellite image pixel size and observation quadrats also significantly affects the
accuracy of the model, but these errors are unavoidable.

4.3. Background Reflectance Affects the Accuracy of Model

A forest has a complex hierarchical structure in the vertical direction. Temperate
forests have two vertical layers: a forest canopy composed mainly of trees and understory
vegetation composed mainly of shrubs, herbs and mosses [43]. The reflected signals
received by the sensor come not only from the forest canopy, but also from the background
features under the forest canopy [44]. The results show that forest background reflectance
has significant spatiotemporal variation, and the spatiotemporal variation in background
reflectance is usually ignored in forest parameter inversion studies based on remote sensing
data, resulting in significant error of the inversion model, and the error of the inversion
model is larger when the forest canopy is low [45,46]. As shown in Figure 8, the reason for
the deviation between the simulated forest stand age and the reference forest stand age
of young forest and old forest may be directly related to the background reflectance. The
canopy of young forest is small, the coverage is insufficient and the pixel reflectance mainly
comes from the forest background [47]. As a result, the model overestimates young forest
stand age. From the perspective of the inversion of forest canopy parameters, the impact of
forest background reflectance cannot be ignored. In a sparse forest area, the difference in
forest background reflectance leads to a great difference in canopy reflectance [48]. It was
observed that the total reflectance of the same forest area when the background reflectance
is high is much larger than that when the background reflectance is low under the same
forest period in the direction of substellar points in the red wavelength band [49].

Therefore, the inversion of forest parameters by ignoring forest background reflectance
leads to significant errors in the model. SR is the ratio of light scattered in the near-
infrared to light absorbed in the red band, which reduces the influence of atmosphere and
topography [27,28]. So, background reflectivity is one of the key parameters for establishing
a remote sensing estimation model of forest parameters.

5. Conclusions

The accuracy of vegetation indices in estimating forest stand age is significantly
inadequate due to insufficient consideration of the differences in the physiological functions
of forest ecosystems. In this study, remote sensing inversion and mapping of forest stand
age in the Loess Plateau were carried out under consideration of the mechanism of the
remote sensing of vegetation indices and the physiological function and canopy structure
of the forest. The main conclusions are as follows:

(1) The canopy reflectance of different forest stand ages has a significant change pattern,
and the older the forest stands, the lower the NIR reflectance; the relationships between
SR, NIRv, NDVI, GVI and forest stand age were more nonlinear than linear.

(2) Principal component analysis (PCA) of canopy spectral information showed that SR,
NDVI and red edge (B5) could explain 98% of all spectral information. SR, NDVI and
B5 were used to construct MLR and RF models, and the RF model was found to have
high estimation accuracy (R2 = 0.63).

(3) The accuracy of the models was evaluated using reference data, and it was found
that the accuracy of the RF model (R2 = 0.63) was higher than that of the MLR model
(R2 = 0.61), but both models underestimated the forest stand age when the forest stand
age was greater than 50a, which may be caused by the saturation of the reflectance of
the old forest canopy. The RF model was used to generate a dataset of forest stand age,
and it was found that the forest is dominated by young forests (<20a), accounting for
38.26% of the forest area. This study not only improves the method of forest stand age
estimation, but also provides data support for vegetation construction in the Loess
Plateau, which are the key data for carbon sink simulation of the regional ecosystem.
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